Abstract. Zika virus (ZIKV) is considered to be an emerging viral outbreak due to its link to diseases like microcephaly, Guillain-Barre Syndrome in human. In this paper, we identify differentially expressed genes (DEGs) using RNA-seq data. In this study, we adopted the RNA-seq analysis pipeline to quantify RNAseq data into read counts. Our analysis uncovers the significant DEGs which may be involved in the altered biological process somehow. Here, we report the list of significant DEGs, out of which three genes are found to be highly differentially expressed. In addition, our analysis also predicts other moderate DEGs, low DEGs whose differential expression was induced due to ZIKV infections.
Introduction
According to the recently published reports by WHO, several types of diseases and infections outbreak all around the world of which majority were concerned with viral infections. Few of these are Ebola Virus Disease (EVD) [1] , Middle East Respiratory Syndrome (MERS), H5N1 influenza infection and ZIKV infection [2] . During 2013 -2014, the area under French Polynesia encountered the largest viral outbreak due to Zika [3] which grew to be of alarming concern as was a threat to the world. ZIKV is a flavivirus transmitted by Aedes mosquitoes [4] . It can be diagnosed via some of the molecular or other serologic testing involving blood, saliva (for neonates) [5] , urine [6] , etc. The minor infection results in lowgrade fever, myalgia, maculopapular rashes, and in severe cases, adults encounter neurological and congenital structural defects [7] . It may also cause congenital malformations in pregnant woman with fetal and newborn with microcephaly [8] . It was also found that Sertoli cells of mouse testis were susceptible to ZIKV infection, which implied that ZIKV can be transmitted sexually affecting human male reproductive system [9] . ZIKV also affects the eyes of adults mildly, but significantly in infants with infected mothers [7] .
In [10] , Xia et al showed that ZIKV fixes the mutations in NS1 gene that enhances mosquito infection and increases its ability to dodge immune response. The ZIKV infection also activates the P53 gene, causing genotoxic stress in the neural progeni-tors cells (NPCs) of human, similar to mutations as observed in genetically caused microcephaly and p53 [11] . ZIKV primarily targets the CD14 human blood monocytes inducing M2-skewed immune-suppression during pregnancy [12] . Autophagy process plays dual roles in ZIKV infection as both good and bad based on the viral replication stage [13] . ZIKV infection also affects peripheral nervous systems (PNS) as well as central nervous system, causing transcriptional dysregulation which results to cell death [14] . ZIKV depletes the NPCs in human cerebral organoids by triggering TLR3 receptor for innate immunity [15] . Though there are some licensed vaccines for other flaviviruses, still emerging threat of ZIKV outbreak laid urgent need of developing preventive vaccines and treatments for infected patients. Several candidate vaccines have been developed and identified potent for this usage, but they are not ready for widespread use. Makhluf & Shresta [16] described the development of ZIKV vaccines by utilizing the past knowledge from other dengue and flavivirus involving viral vectors, DNA-RNA dependent vaccines, live attenuated virus, immunogenic viral epitopes predicted in silico and also inactivated virus. Mesci et al. [17] showed that an FDA approved compound called Sofosbuvir (SOF), effective for Hepatitis C (HCV), also prevented human NPCs from ZIKV infection-mediated cell death. It also prevented vertical transmission of infection from infected mother to fetus [17] . The analysis of the structures of ZIKV NS3 and NS5 revealed some conserved features which may be used for structure-based design of the antiviral compounds against ZIKV infection [8] .
The Next Generation Sequencing (NGS) technologies like RNA-seq (RNA sequencing) find their application in the diagnostic virology (discovery, characterization and detection of viruses), antiviral drug and vaccine development, analysis of hostvirus interaction, study of viral spread, etc. Due to being cost effective and having an improved turnaround time, NGS methods along with other analytical and clinical tests validation methods, can serve as essential diagnostic for viral spread [18] . RNA-seq technology uses the NGS method that gives the snapshot of RNA present in some genome sample along with its quantification at a given moment of time. It is preferred over the Microarray technology for gene expression studies [2] [19] . The research in RNA-seq includes studying the altered pathway during infection or disease, gene expression changes (differential expression analysis), etc. RNA-seq along with other NGS platforms (SNP, CGH arrays) can be used in the detection of CNV behind gene expression and novel genes behind tumorogenesis [20] . RNA-seq is cheaper, highly sensitive and faster than traditional sequencing methods, detects more transcripts than microarray technology [21] . Though RNA-seq analysis is considered as the standard expression profiling methodology, still easy, open and standard pipelines for performing this task by non-expert research community with different background is a major challenge. The read quantification and differentially analyzing the expression data based on high throughput NGS data, such as RNA-seq are highly appreciated. Mostly, the research interest lies in the comparison of the transcription result under different conditions, therefore the RNA-seq analysis studies can be categorized into Differential Gene Expression (DGE) studies where the transcriptional measure of each gene is compared between conditions, Differential Transcript Expression (DTE) studies and Differential Transcript/exon Usage (DTU) studies [22] [40] .
In this study, we performed DEGs analysis of ZIKV exposed patient using RNAseq data from the NGS. The identified DEGs from this pipeline may have key roles in significant biological processes and functional pathways related to the disease; hence this would enable us to search for putative vaccines for viral infections like ZIKV.
Methodology
In this pipeline the RNA-seq dataset of ZIKV infected human induced pluripotent stem cells (hiPSCs) from human were retrieved from NCBI. Then after read quality check by FastQC [23] , the data was preprocessed using Trimmomatic [24] . Reads were then mapped to reference human genome (hg38)/annotated human genome using aligner named Bowtie2 [25] , the resulting file underwent for quantification of expression values using HTSeq-count [26] . It simply counts the aligned reads overlapping genomic regions from the mapping step, providing us with expression value counts. These counts further serve as input for Normalization and DEGs identification. Bioconductor package of 'R' language [27] [28] provides several statistical tools such as edgeR [29] [30], DESeq2 [31] which performs Normalization. Additionally, Cuffdiff [32] [33] [34] , an Ubuntu based program provided by Cufflinks tool, may also give DEGs. In this research, we identified the three DEGs using these three tools in a consensus manner.
The complete pipeline for our work is shown in Fig. 1 , which includes various steps such as data collection, data preprocessing (quality check, adapter trimming, etc.), read mapping to the human genome, read counting, and differential expression analysis. 
Raw data collection
GSE78711 GEO accession for ZikV infected hiPSCs-derived cortical neural progenitor cells (hNPCs) was retrieved from NCBI [35] . The data consist of eight sample files of which four were from control experiments (Mock) and other four from treated (ZIKV), i.e. virus treated experimentally.
Data Preprocessing
Data format conversion (.sra to .fastq):All the eight SRA files (.sra) were converted to FastQ format (.fastq) from ubuntu command prompt.
Raw data quality check and adaptor trimming: All the samples were quality checked using FastQC tool. We used Trimmomatic 0.36 tool for adapter trimming in order to remove the adapters from data.
Separation of all types of rRNAs:
In order to segregate rRNAs from the sequence, we used SortMeRNA 2.1 tool [36] .
Read Mapping
We used Bowtie2 aligning tool for mapping the pre-processed reads against the human reference genome (hg38), which outputs aligned reads as .sam files.
Read Counting
In order to count the number of reads which were mapped to the human reference genome, we used HTSeq-count tool. It takes aligned reads (.sam file) and a list of genome features (hg38) and provides read counts.
Differential Expression Analysis
The differential expression analysis starts with the normalization step which is a method to adjust read counts between samples in such a way to get a uniform normalized expression values throughout the experiment. We applied following three tools.
edgeR: The edgeR [29] [30] is the expression analysis tool which models the mapped read count data using a negative binomial (NB) model. It moderates the estimated dispersion calculated for each gene to a single common dispersion estimate, or to a local dispersion estimate, which results from genes with similar expression weight calculated using a weighted conditional likelihood method [31] . It is a measure of assessing the inter-library variation of that gene. For the classic edgeR analysis, we took eight sample libraries in two groups (group factors marked as 1 for control experiments and 2 for virus-treated experiments), and counts were stored in a tab-delimited text file with gene symbols in a column. After dispersion estimation, we performed exactTest for determining differential expression. On normalized expression values, we applied following three tools.
DESeq2:
The DESeq2 package uses the NB model in order to test the differential expression. It estimates the shrinkage according to the data distribution and adjusts the logarithmic fold changes to improvise the result stability and interpretation [31] . For analysis through DESeq2 package, we input two files, one with count data of all eight samples in the form of a matrix of integer values, and other with the specified sample condition whether samples are controlled or virus-treated. It firstly estimates size factors, and then calculates gene-wise dispersion. It finally fits the model and tests for differential expression.
Cuffdiff: Cuffdiff [32] [33] [34] is Ubuntu based Cufflink transcript assembly package used to identify significant changes in transcript expression. It models the variance in groups of samples which lies beyond the expected variance calculated by Poisson model. It tests for observed logfold change in its expression against the null hypothesis of no change. The normalization process in Cuffdiff is performed by classic-fpkm, geometric mode, quartile mode. Cuffdiff needs count files in .bam format, so firstly it was converted to .bam files using Samtools. After sorting it, ran Cuffdiff command.
Consensus approach to DEGs
We assume that A is the set of DEGs identified by tool edgeR under the specified cutoffs and filters, B is the set of DEGs identified by tool DESeq2 and C is the set of DEGs identified by Cuffdiff tool. Using a consensus approach, differentially expressed highly significant genes (DEGsHigh) can be defined as Equation (1) .
Similarly, using majority voting rule, differentially expressed moderately significant genes (DEGsModerate) can be defined as Equation (2)
And differentially expressed low significant DEGs (DEGsLow) can be defined as Equation (3),
Results and Discussion
The complete protocol as depicted in Figure 1 has been implemented and carried out on a workstation with 8 GB RAM, multi-core processors under Ubuntu 18.04.1 LTS operating system.
Data Preprocessing
On read quality check of raw data by FastQC, we found that four out of eight samples had quality-score above 20 (Phred Score > 20), which were considered to be good whereas remaining four samples had it below 20. Poor quality reads when subjected for adaptor trimming; only 2-3% of the total reads got trimmed. All types of rRNAs were separated from the samples.
Read Mapping
After read mapping to the human genome, a .sam file for each of the eight input files was obtained. We observed that the overall alignment rate of all the eight samples is more than 99%, which is considered to be very well aligned.
Read counting and Normalization
The number of reads mapped (read count) to a gene is considered to be the proxy of its expression. For the data analysis, read count data from HTSeq-count further needs to be normalized by total fragment count in order to make counts comparable across the experiments. edgeR, DESeq2 and Cuffdiff were used for this task, which firstly transformed read count data into a continuous distribution. They used the NB model to estimate dispersion parameter for each gene. This dispersion parameter gives a measure of the degree of inter-library variation of that gene between the samples. Estimation of common dispersion provided the idea of overall variability across the genome dataset.
Differential Expression Analysis
When all the eight samples grouped in two groups were subjected for differential analysis through the edgeR tool of R Bioconductor, it was found that normalization factors calculated for each sample is close to 1 which signifies that all the eight libraries are similar in composition. The input estimated common dispersion before estimating tagwise dispersions in order to proceed with differential expression analysis. Firstly, BCV was applied to this input data.
The Biological coefficient of variance (BCV) is the mathematical square root of common dispersion estimated using the NB model. It is the coefficient of variation in which the unknown true abundance of the gene varies between the samples. With an increase in the number of read counts, the BCV remains unaffected, though a decrease in technical CV is observed. Therefore, the accurate BCV estimation is crucial for differential expression analysis studies in RNA-seq experiments. The BCV calculated from the experiment was found to be 34%. Higher the BCV measure, lower will be the number of differentially expressed genes detected. In Fig. 2 , a common dispersion (red line on BCV plot) lies between 0.2-0.4, hence considered to be detected higher number of DEGs.
Fig. 2. Plot for Biological coefficient of variation
For Multidimensional Scaling (MDS), the input was provided in the form of a distance matrix where values represent the distances between the pairs of objects. MDS plot represents the relationship between different groups of samples and can be affected by high BCVs. MDS plots show distances between the samples in terms of BCV as shown in Fig. 3.   Fig. 3 . MDS plot of various samples. Dimension 1 (dim1) separates the control samples from the Virus-treated samples which signify the possibility of detecting higher number of DEGs. This plot can be observed in the form of an unsupervised clustering.
After fitting the NB models and estimation of dispersions, we proceeded with tests determining the differential expression. The tagwise exactTest (similar to Fisher's exact test) was applied. P values were calculated by combining over all sums of counts that have a probability less than the probability under the null hypothesis of the observed sum of counts. The test performed at FDR< 0.05, provided us with output result with all transcripts arranged in tabular form with information regarding their geneID, logFC, logCPM, P-value. It was observed that 683 genes were downregulated, 152668 genes were not differentially expressed and 375 were up-regulated.
The smear plot of tagwise log-fold changes (logFC) against logCPM is shown in Fig. 4 . The differentially expressed tags are highlighted in the plot and the horizontal blue lines show 4-fold changes. For the consensus method in DEGs identification, we also applied DESeq2 tool from R Bioconductor which gave the result along with normalized count data for all eight samples. The result constitutes the fields like log2 fold changes, p values, adjusted p values, etc. The dispersion plot of the normalized read count from DESeq2 tool is shown in Fig. 5(a) .
We also performed a differential analysis of count data using Cuffdiff program. The processed input files from HTSeq tool when subjected to Cuffdiff tool, gave several output files for expression estimates in terms of FPKM and read counts. One of the files had identified DEGs in the form of a list.
Since results contain a large number of DEGs, we applied the filtering criteria to extract out best identified DEGs in an order from each tool. We classified the extracted significant DEGs into three categories, namely highly significant DEGs, moderately significant DEGs and low significant DEGs according to Equation (1), (2) and (3), respectively. In Fig.5(b) the number of DEGs identified by three different tools is shown.
Using a consensus approach, we found three DEGs were of high significance (NM_001010989.2, NM_001034.3, NM_001042.2), 406 were moderately significant and 513 were low significant (Fig. 6) .The function of three identified highly significant DEGs are listed in Table 1 . Out of these three genes, HERPUD1 have been reported in the literature to be involved somehow in ZIKV infections (PMID: 29915147, 28325921). However, list of moderately and low significant DEGs need further experimental validation for its reliability. 
Conclusion
The outbreak of viral disease such as ZIKV brought the attention of computational biologists and bioinformaticians to perform the differential expression analysis of ZIKV infected patients to understand transcriptomic changes in the body. Knowledge of transcriptomic changes helps the design of better diagnostic tools, therapeutics and treatments. In this study, we analyzed different expressions of ZIKV patients using RNA-seq data for NGS. We report three highly significant genes which are differentially expressed using a consensus of three tools (edgeR, DESeq2, Cuffdiff). These genes are validated from the literature for its reliability. In future work, we would perform pathway analysis, GO enrichment analysis, topological analysis of these three genes. We would also explore highly ranked genes which are moderately significant DEGs.
